2 by Tf and it highlighted the significance of kinetic in addition to thermodynamic constraints in defining the fate of metal ions in biological systems. We have developed the first, if rudimentary, model of non-equilibrium metal binding for a biological system, a model that is predictive and could be used to raise hypotheses which would be amenable to experimental testing both immediately and in the future.
We developed this generic model with the specific purpose of elucidating the binding, transport and fate of Al(III) in blood 6 . While the transport of Al(III) throughout the body in the blood is clearly a dynamic process the only quantitative understanding of the relative contributions of different ligands for Al(III) in this process has been gained through computational analyses of metal-ligand data obtained at chemical equilibrium 7, 8 and benchtop studies of the fractionation of equilibrated samples of sera 4, 5 . While the results of these studies are in agreement in having demonstrated that at chemical equlibrium ca 90% of serum Al(III) was complexed by Tf there was also a consensus of opinion which conceded that the equilibrium position was unlikely to be effective in vivo [3] [4] [5] [6] [7] [8] [9] . We called this paradox the blood-aluminium problem 6 and because we believed that its solution would not be accessible by conventional wet chemical methods it became the focus of a computational approach, which is described in full elsewhere 10 , and applied for the first time herein.
In applying the model to the blood-aluminium problem we found that the most effective level of abstraction was to treat the various components of the modelled system as collections of particles in a defined volume (balls in a box) with specific rules which defined their movements and interactions with each other. This approach was implemented by means of a Markov-chain Monte Carlo algorithm 11 , known as a latticegas automaton 12 . The physical reaction space was approximated by a primitive cubic lattice of points with periodic boundary conditions, on which randomly-distributed 3 selections of particles resided and diffused via random walks 11, 12 . When diffusing particles collided rules specified which collisions resulted in particles bouncing off each other (disallowed reactions) and which collisions formed complexes (allowed reactions) with directly specified stabilities 10, 12 . Simulation of complex formation and dissociation was achieved by comparing the specified complex stability to a random number 10, 12, 14 .
Each system's evolution was monitored as it progressed through time and was run until the system achieved a statistically-determined equilibrium position. For every system or given set of model parameters each simulation of that system was repeated 300 times to achieve data sets of significant statistical power.
The quintessence of our systems biology approach was the combination of innovative modelling with well-found assumptions. Thus in applying the approach to the binding of Al(III) in serum we accepted the experimental evidence that at equilibrium ca 90% of the available Al(III) would be in complex with Tf and that the remaining Al(III) would be in low molecular weight complexes and primarily bound by citrate (Cit). While we noted the requirement for bicarbonate as a synergistic anion in the formation of Al Tf we did not model its involvement since its concentration in serum is never limitting and its reaction with Tf is extremely rapid in comparison with the reaction of Tf with Al(III) 9 . Each allowed interaction between particles resulted in a complex with an arbitrarily assigned probability of existence, K E , which defined the complex's tendency to dissociate. We have tested two distinct systems, or set of model parameters, in which the proportions of particles which represented Tf (2000) and Cit (8000) were similar to their concentrations in serum 8 and the proportion of particles which represented Al(III) (100, 250, 500, 1000, 2000) mimicked conditions which approximated normal to pathological. The main difference between the two systems was that in one the formation of aluminium hydroxide was disallowed, Al particles bounce off each other (Fig. 1a) , while in the second system the formation of aluminium hydroxide was allowed and an Al OH complex was formed with a K E of 99.2% (Fig. 1b) . 4 In the former system the reaction of Al with itself was replaced by its reaction with a third ligand to form a complex, Al L3 , with the same K E as Al OH while particle density in both systems was maintained at ca 3% by the inclusion of a requisite number of inert particles in the system forming Al OH . While both systems successfully modelled Tf binding ca 90% of Al(III) at chemical equilibrium ( Fig. 1 ; Table 1 ) the approach to equilibrium was from over-saturation (peak-relaxation approach) when Al OH was replaced by Al L3 (Fig. 1a) and under-saturation (assymptotic approach) when Al OH was allowed to form. For each ratio of Al:Tf the equilibrium position, E V , was achieved in fewer timesteps, E T , when approached from under-saturation ( (Fig. 2) . The distribution diagrams show that the formation of Al OH was particularly influential both as a far from equilibrium competitive interaction to Al Tf and Al Cit and as a major determinant of whether chemical equilibrium for Al Tf would be approached from either over (Fig. 2a,c ,e,g) or under (Fig. 2b,d ,f,h,i,j) saturation. An immediate and important impact of the latter was the increased competitiveness of Al Cit relative to Al Tf and in particular for ratios of Al:Tf ≥ 0.5 ( Fig. 2e-j) . The impact of the formation of Al OH and the concomitant increased competition from Al Cit on the proportion of the total Al(III)
bound by Tf during 15 s is shown quantitatively in Table 2 While it may not be the final solution to the modelling of non-equilibrium binding of metal ions in biological systems it is a significant advance in the field and should provide the impetus to take such an approach to the next level of detail and complexity as would be required in the modelling of living systems.
METHODS SUMMARY
Simulations were run using a Linux-based cluster of over 40 quad-cpu AMD64 PCs with a total computing power of about 100 GFLOPS. Rather than parallelising the code and risking the inefficiencies introduced by "all-to-all communication" 13 , each free CPU had an individual simulation-run allocated to it, until all repetitions of the experiments had been performed. Computing time for all repetitions of a single set of experimental conditions took less than one day. Simulations were performed on a lattice of 70 3 vertices with a particle density of ca 3%. The binding algorithm is published 7 elsewhere 10 . Particle binding affinities were defined by a probability K E , between 0 and 1, for every possible type of reaction, which represented the likelihood that two particles in collision would successfully react with each other. K E was directly specified into the software 10, 12 , rather than attempting to calculate it via free energy of reaction 14 . It was determined for each complex by the means described in our previous work 10 , which involved testing the system with ranges of values and iteratively "narrowing in" on K E
values that produced equilibrium behaviour consistent with literature data. ensure equilibration, and the methods used in our previous work 10 were used to extract the quantities (E V , E T , P V , P T ) from the resulting "system-evolution" data. 
none none E V , E T , P V and P T are the statistically derived data for equilibrium value, equilibrium time, peak value and peak time respectively. Each was derived from 300 simulations, mean and sd are
given for E T and P T while only the mean is given for E V and P V as the errors were <1%. None -
indicates that E V was approached from under-saturation and so there were no values for P V or P T .
